We extract a dataset of mergers and acquisitions from Asian emerging markets and examine the distribution of the stock returns for the acquiring firm and the corresponding market portfolio in each deal. Non-normal distribution of the returns appears in the test of most deals. We use two robust regressions and a nonparametric statistic test to examine the efficacy of the standard OLS market model. The traditional methods of measuring abnormal returns (ARs) around event windows may be flawed. The robust regressions, Huber regression M-estimator and bootstrapping quantile regression, provide better and higher estimation of abnormal returns. Keywords: market model; robust regression; mergers and acquisitions; Asian markets.
Mingzhai Geng is the National Distinguished Professor, Honorary Dean of
Introduction
Prior research indicates that the market model in event study is likely the most popular and stable approach in estimating expected normal returns, and the standard ordinary least square (OLS) market model is well suited in an event study under a variety of conditions (see, e.g., Beaver, 1981; Cable and Holland, 1999; Strong, 1992; Brown and Warner, 1985) . Dyckman et al. (1984) note that the release of the OLS regression assumptions, such as the non-normality of daily stock returns, has little effect on event study tests. We examine mergers and acquisitions deals from Asian emerging markets over the period of [2006] [2007] [2008] [2009] . We present evidence that the distributions of the stock returns for the bidding firm and the corresponding market portfolio are non-normal in the majority of deals. We use two robust regressions, the Huber regression M-estimator and the bootstrapping quantile regression with standard error, to test the efficacy of the standard OLS market model when the non-normality of the returns exists. The results indicate that the traditional methods of measuring abnormal returns (ARs) around event windows may be flawed. Both Huber regression M-estimator and bootstrapping quantile regressions provide higher average abnormal returns (AARs) and higher mean cumulative abnormal returns (CARs) than those found by the standard OLS market model. Event study often uses three models, the market model, the constant mean return model, and the capital assets pricing model (CAPM), to estimate expected normal returns in an event window. The market model illustrates the relation between the market portfolio return and a particular security return. The constant mean return model assumes that the mean return of a given security is constant through time. The CAPM model demonstrates the relation between the expected return of a given asset and the amount of systematic risk presented in the asset. Among the three models, researchers often favour the market model. Strong (1992) notes that the popularity of the market model is that it makes no explicit assumptions regarding how to establish equilibrium security prices. Beaver (1981) explains that employing the market model approach results in smaller variances of abnormal returns, which lead to more powerful statistical tests. Cable and Holland (1999) construct a general-to-specific model selection framework to test alternative models of expected normal returns. Their findings reveal that the market model generally outperforms the CAPM.
Because of the attractiveness of the market model in the event study, some researchers extensively investigate the efficacy of the standard OLS market model under different conditions using observations from the US Stock market and other developed markets. It appears that most researchers generally agree with the conclusion that the standard OLS market model is well-suited in an event study when modelling normal returns (see, e.g., Fee and Thomas, 2004; Ma et al., 2009; MacKinlay, 1997; McWilliams and Siegel, 1997) .
However, much of the research in finance focuses on the developed markets, and their conditions are most likely to be consistent with assumptions of theoretical models. This attribute of most efficient markets does not exist in emerging markets (Bekaert and Harvey, 2002) . For instance, both Bekaert et al. (1997) and Kittiakarasakun and Tse (2011) illustrate that asset returns in emerging markets are far from normally distributed and have excess kurtosis. Thus, the standard OLS model may lead to a biased conclusion when processing the data from emerging markets.
We know that theoretically normal distribution and homoscedasticity (or equal variance) are two important assumptions for using standard OLS regression models (including the standard market model) for inference or prediction (see, e.g., Gujarati, 2006; Sprinthall, 2012; Utts and Heckard, 2012) . Utts and Heckard (2012) also include 'no outlier' as one condition for running an OLS linear regression. If the assumptions are not true, we may need an alternative robust regression to address the problematic data.
We use two robust regressions, the Huber regression M-estimator and the bootstrapping quantile regression with standard error, to compute the expected normal returns and abnormal returns of stocks for acquiring firms. The M-estimator method is robust to outliers, and the bootstrapping quantile regression is robust to both outlier and heteroscedasticity. Then, we compare the abnormal returns with results generated by the standard OLS market model to examine the stability and efficacy of the standard OLS market model. In contrast to previous studies that use either the simulation approach with randomly generated data or data extracted from developed stock markets, we use the data of mergers and acquisitions in Asian emerging markets for comparison and assessment. We find that the mean values of daily abnormal returns and cumulative returns in the defined event window are significantly different when modelling normal returns with different specifications of the market model.
The remainder of this study is organised as follows. We develop the hypotheses to be tested in Section 2. We describe our sample data and methodology in Section 3. We report the statistical results in Section 4. In the final section, we summarise the findings and present the managerial implications.
Literature review and hypotheses

OLS regression market model
In theory, the squared residuals of the standard OLS regression tend to award an excessive weight to observations with very large residuals and consequently distort the parameters (i.e., alpha and beta) estimation when outliers exist (Verardi and Croux, 2009) . Given that heavy-tailed (outlier-prone) error distributions are common in stock returns, the efficacy of a standard OLS may quickly decrease in estimating abnormal returns. Gujarati (2006) notes that the normal probability distribution is necessary to make statistical inference and to test the hypothesis. The other unbiased statistical methods may outperform the OLS if the distribution is not normal and/or the outliers are severe.
Prior studies investigate this efficacy issue under a variety of conditions. Brown and Warner (1985) construct a simulation experiment with daily stock returns to test the power of the OLS market model and other popular procedures. They randomly select 50 securities from the CRSP 1 and generate a hypothetical event day to form 250 samples. After examining the properties of daily stock returns and their impact on event study analysis, they note that event study based on the OLS market model and using standard parametric tests is well specified under various conditions. They state that the results from simulations with daily data generally reinforce the conclusions of their previous work with monthly data (Brown and Warner, 1980) . They conclude that first, the non-normality of daily stock returns has no obvious impact on event study analysis, and second, distributions of daily excess returns are also highly non-normal. However, the mean excess return in a cross section of securities converges to normality as the number of sample securities increases. Dyckman et al. (1984) select firms listed on the CRSP daily return files during the 1 May, 1974 to 31 August, 1979 period and randomly assign a hypothetical event date for each firm. With 2069 sample firms, they investigate the interaction of the portfolio size, the event-date uncertainty, and the magnitude of the abnormal performance to determine whether these factors have a significant effect on the researcher's ability to detect abnormal performance in five different return models. They obtain similar conclusions that a standard market model slightly outperforms other procedures, and any non-normality of daily abnormal returns has little effect on event study tests.
By reviewing multiple studies associated with event study and procedures for modelling abnormal returns and their related problems, Strong (1992) indicates that standard parametric statistical tests and the OLS market model appear to be a well-specified procedure in calculating abnormal returns. Most existing studies use the standard OLS market model when estimating normal returns in event study under a variety of scenarios (see, e.g., MacKinlay, 1997; McWilliams and Siegel, 1997) . However, as noted by Bekaert and Harvey (2003) , emerging markets have long posed a challenge for finance, and standard models are often ill-suited to address the specific circumstances arising in these markets. LeBaron and Samanta (2005) note that stock returns in emerging markets demonstrate more systematically excess kurtosis than those in developed markets. We examine the distribution of the stock returns for the acquiring firm and the market portfolio in each deal. In case the non-normal distributions in Asian emerging markets are much more severe than those in developed markets, we may need alternative robust regression methods to address the problem data.
Robust regression market model
Similar to a variety of least square regressions, robust regression analysis circumvents certain limitations of traditional parametric and non-parametric methods. The standard OLS regression has promising properties if its underlying assumptions are true but can provide misleading results if those assumptions are not true. Thus, in theory, the OLS regression is not robust to violations of its assumptions.
"OLS tends to track outliers, fitting them at the expense of the rest of the sample. Over the long run, this leads to greater sample-to-sample variation or inefficiency when samples often contain outliers. Robust regression methods aim to achieve almost the efficiency of OLS with ideal data and substantially better-than-OLS efficiency in non-ideal situations." (Hamilton, 2012, p.239) In the area of mergers and acquisitions, it is common for an acquiring firm to have a firm-specific event or multiple firm-specific events that incur significant changes in stock returns in the estimation window. The changes in stock returns are likely outliers, and their presence may significantly affect the OLS estimation of either the intercept or the slope or both when modelling normal returns. The removal of the problematic observations may improve the accuracy of the inferences; however, it may also delete important information from the analysis. If there is no convincing reason to omit those outliers from the sample observations, a robust regression may be a suitable approach to process the data. The robust regression is a compromise between excluding these outliers entirely from the analysis and including all the observations with equal treatment in an OLS regression. The idea of the robust regression is to weigh the observations differently based on how well these observations behaved (UCLA, 2014).
The robust regression includes a variety of different techniques, each with advantages and disadvantages in addressing 'non-ideal' data. In this study, we select two varieties of the robust regression: the Huber regression M-estimator 2 and the bootstrapping quantile regression. 3 The M in M-estimation represents 'maximum likelihood type'. Huber regression M-estimator starts by running the OLS regression and detecting the records that have a Cook's distance greater than one. Those records with Cook's distance greater than one receive a zero weight, and the regression is run with weighted observations. In this robust regression, records receive different weights based on the absolute difference between the predicted and actual values. The records with small difference receive more weight. Thereafter, another regression is run by using these newly assigned weights, and this regression then generates new weights. The regression runs from iteration to iteration until these weights are nearly unchanged. This process of regressing and reweighting stops when the difference in weights before and after a regression is sufficiently close to zero.
In the research on mergers and acquisitions in Asian emerging markets, the results of applying the standard OLS market model may not be stable as it is in most existing studies that often use data from developed stock markets. We test the stability and reliability of the standard OLS market model using two varieties of the market model: the Huber regression M-estimator and the bootstrapping quantile regression. Difference between the abnormal returns using the standard OLS market model and the abnormal returns using the robust regressions could exist.
Data and methodology
Data
We extract mergers and acquisitions deals from Thomson SDC Platinum Mergers and Acquisitions Database. We obtain the daily stock price of acquiring firms from the DataStream database. All deals in our sample meet the following criteria:
• both the acquiring and target firms are registered in the 10 Asian emerging markets:
China, Hong Kong, India, Indonesia, Malaysia, South Korea, Singapore, Taiwan, Thailand, and the Philippines.
• the transaction is announced and completed during the 1 January, 2006 to 31 December, 2009 period
• the payment method for the transaction is cash only, stock only, or a combination of cash and stock
• the acquiring firm is a public firm listed in a stock market within the 10 Asian emerging markets, and the status of the target firm is private, subsidiary, or public
• the acquiring firm is active and has daily stock price data in DataStream
• daily stock price data have the minimum number of 120 trading days within the estimation window
• the sample excludes deals in the financial services industry.
The final sample data include nine Asian emerging markets because there is no qualified transaction found in the Philippines stock market. The final sample includes 858 mergers and acquisitions deals. Table 1 Malaysia has the most number of 243 deals (or 28.3%), and Taiwan has the least number of 11 deals (1.3%). As reported in Panel B, deals classified by the target firms' markets have distributions similar to those of Panel A. The similarity shows that the acquiring firms and target firms are from the same market for most deals. Cross-border deals among Asian emerging markets are rare. Table 2 describes the distribution of transactions by the method of payment. The most popular method of payment is cash only, regardless of the market in which the transaction occurs. Specifically, the mergers and acquisitions sample includes 565 (65.9%) cash only payment deals, 217 (25.3%) stock only payment deals, and 76 (8.9%) cash and stock combined deals. The cash only payment is a major financing tool across all Asian emerging markets. This finding is similar to a previous study by Faccio and Masulis (2005) who find that most M&A deals are cash financing in 13 European countries from 1997 to 2000. Table 2 includes the list of market portfolios used for the market model. China has two stock exchange markets; each market has its own market portfolio index. The two Chinese stock exchanges have the identical listing requirements. 
Methodology
For stock returns of the acquiring firm in each deal, we conduct a normality test in skewness, in kurtosis, and in both statistics jointly. The results of these tests show whether the returns have normal distribution. Our normality test uses 120 daily returns for the acquiring firm and its corresponding market portfolio. The estimation window in our event study analysis includes the 120 daily returns as well. According to Campbell et al. (1997) , the estimation window in an event study analysis could range from 120 days to 210 days. A long estimation window could begin with an estimation starting 300 days prior to the event and terminating 40 days or 50 days prior to the event (see, e.g., Fee and Thomas, 2004; Shahrur, 2005) . The choice of the estimation window often determines the quantity of asset price history needed for the event study. An excessive quantity of missing data for asset price histories either leads to the exclusion of certain events or a shorter estimation window. Therefore, many studies with a long estimation window still require at least 100 trading days within the window (see, e.g., Fee and Thomas, 2004; Shahrur, 2005) . To avoid the loss of transactions caused by the lack of sufficient observations within the estimation window, we select the estimation window in which each deal must have 120 trading days terminated five days prior to the event day regardless of when the estimation window begins.
The event window could be the event day or multiple days. The event window usually includes one day after the announcement day because it could capture the market reaction if the announcement occurs after trading hours. The event window can include one day prior to the announcement day because it could capture the market reaction to possible information leakages before the official deal announcement. The event window including too many days could reduce accuracy (predictive power) due to the possibility of confounding effects from other market events (MacKinlay, 1997). We report daily abnormal returns from day -2 to day +2 and CARs on windows (0, +1), (-1, +1) and (-2, +2).
The standard OLS market model (equation 1) assumes a linear relation between the return of any security and the return of the market portfolio index.
where R it and R mt : returns on security i and the market portfolio, respectively, during period t.
The estimates of α i and β i from equation (1) help to predict a 'normal' return for the days within the 5-day event window. The abnormal return is the difference between the actual return and the predicted normal return. We calculate this difference using the following equation:
where AR it : abnormal return for firm i on day t, and R it : actual return for firm i on day t.
We run the above market model with three different specifications: the standard OLS regression, the Huber regression M-estimator, and the bootstrapping quantile regression with standard error. We obtain three sets of expected normal returns and abnormal returns from the three different specifications and equations (1) and (2) . On the basis of the abnormal returns for each firm, we calculate mean abnormal returns for each day within the event window. Average abnormal return (AAR) on day t is the mean value of summed abnormal returns of sample firms:
The event window covers from two days before the announcement day to two days after the announcement day. We use both the nonparametric test (signed-rank test) and the parametric t-test to evaluate the significance of the AAR. We also conduct a paired t-test to examine whether there is a significant difference among the AARs obtained from the three different regression methods.
We sum the daily abnormal returns over different event windows to derive the CARs: 
where CAR i : cumulative abnormal return for sample i over the event window (T 1 , T 2 ). Table 4 presents the results of the normality tests. 4 The normality tests include a skewness test, a kurtosis test, and a joint skewness-kurtosis test. Each test provides a significance level (p-value) of rejecting normality. As reported in Panel A, at the 1% significance level, 49% (=424/858) of acquiring firms have stock returns rejecting the normality in skewness, 69% (=595/858) of acquiring firms have stock returns rejecting the normality in kurtosis, and 70% (=600/858) of acquiring firms have stock returns rejecting the normality in both statistics jointly. As reported in Panel B, at the 5% significance level, the number of acquiring firms rejecting the normality increases from 424 to 505 in the skewness test, from 595 to 670 in the kurtosis test, and from 600 to 679 in the joint test. Among individual stock markets, Indonesia and Singapore are the top two with the highest percentage of deals rejecting the normal distribution of returns. Taiwan has the lowest percent of deals rejecting the normal distribution of returns. Panels C and D show results of the normality test for corresponding market returns. As reported in Panel C, at the 1% significance level, the corresponding market returns in 37% of deals reject the normality in skewness, 52% of deals reject the normality in kurtosis, and 54% of deals reject the normality in the joint test. When changing the significance level from 1% to 5%, we observe that 50% or more deals reject the normality in skewness and kurtosis. Market returns in 70% of deals reject the normality in the joint test. The standard OLS and the Huber regression M-estimator share the same assumption that errors are normally and independently distributed. The regression results may not be trustworthy if the assumption is untrue (i.e., heteroscedasticity appears). Following Hamilton (2012), we run the OLS regression with standard-error to test how the possibility of heteroscedasticity may affect results. The standard OLS and the OLS regression with standard-error generate identical coefficients and abnormal returns, but the standard-error and confidence intervals have changed. Table 5 reports the mean of those standard-errors and the difference of the means across a single market. The largest difference of the standard-error is 11.27% which occurs in India. Other markets have the difference of standard-error below 10%. The robust standard-error is 2.12% larger than its non-robust counterpart for the whole emerging Asian markets. The differences between the standard-error and the robust standard-error are not substantial. Table 6 reports the mean abnormal returns for days within a 5-day window, two days before to two days after the announcement day with regard to the standard OLS regression. Stock markets on average react positively to a mergers and acquisitions event.
Empirical results
Results of normality test
Statistical results of OLS and robust regressions
Significant positive mean abnormal returns exist on day -1, day 0, and day +1. The AAR (0.52%) on day -1 is higher than the AAR (0.21%) on day -2. The AAR increases from day -2 to day 0 and achieves the highest value of 1.39% on the announcement day. After the announcement day, the AAR decreases to 0.78% on day +1 and further decreases to 0.48% on day +2. The nonparametric Wilcoxon signed-rank test for the median of the abnormal returns indicates that the medians are significant above zero on the announcement day and the day -1. The positive mean CARs of the three event windows, (0, +1), (-1, +1), and (-2, +2), are statistically significant. Consistent with the results of the t-test for the mean values, the medians of the abnormal returns for the three event windows are also significant. Table 7 reports the mean abnormal returns for days covered by the 5-day event window, two days before to two days after the announcement day with regard to the Huber regression M-estimator. Significant and positive mean abnormal returns exist on each day of the event window with the t-test. The AAR starts on day -2, increases by 0.3% on day -1, and achieves the highest value of 1.63% on the announcement day. After the announcement day, the AAR decreases by 0.59% to 1.04% on day +1 and further decreases to 0.67% on day +2. The nonparametric signed-rank test for the median of abnormal returns indicates that the medians are significant above zero on the announcement day, the day -1, and the day +1. The positive medians and mean CARs are statistically significant in the three event windows: (0, +1), (-1, +1), and (-2, +2). Table 8 reports the mean abnormal returns for days within the 5-day event window, two days before to two days after the announcement day with regard to the bootstrapping quantile regression. The results of the bootstrapping quantile regression are similar to the results of the Huber M-estimator regression. Table 9 reports the differences between mean abnormal returns obtained from three different regressions: the standard OLS, the Huber M-estimator, and the bootstrapping quantile. The standard OLS regression produces a mean abnormal return that is significantly less than those of the Huber regression M-estimator and the bootstrapping quantile regression. The mean difference between the two robust regressions methods, the Huber M-estimator and the bootstrapping quantile regressions, is significantly different on day -1, day 0, day +2, 3-day window, and the 5-day window. .89** * and ** denote statistical significance at the 5% and 1% levels, respectively.
Table 9
Difference among three regressions: OLS, M-regression, and BSQReg. We compute abnormal returns using the standard OLS regression and two varieties of robust regression, the M-estimator and the bootstrapping quantile. Below is the difference of the abnormal returns among three regressions and the significance level of the differences. We use paired t-test for comparison of the mean differences * and *** denote statistical significance at the 5% and 1% levels, respectively. Table 10 reports the comparison of abnormal returns across markets for returns using the three different regression methods (OLS, Huber regression M-estimator, and bootstrapping quantile regressions). As noted in Panels A and B, significant differences exist in all defined event windows for acquiring firms in six markets (China, Hong Kong, India, Malaysia, Singapore, and South Korea) when comparing the OLS with either Huber regression M-estimator or bootstrapping quantile regressions). There is no significant difference in any windows for acquiring firms in Taiwan. This is possibly because Taiwan has only 11 deals, and most of the deals have normal distribution.
Event day OLS -M-regress OLS -BSQReg
Table 10
Comparison of abnormal returns across markets for returns using three different regressions *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
As noted in Panel C, there is no significant difference in any windows for acquiring firms in five markets (Hong Kong, Indonesia, Malaysia, Taiwan, and Thailand) when comparing abnormal returns using the Huber regression M-estimator regression and the bootstrapping quantile regression. The significant difference exists in two event windows for Chinese acquiring firms. The significant difference exists in more event windows for acquiring firms in India, Singapore, and South Korea.
Summary and managerial implication
We extract a dataset of mergers and acquisitions from Asian emerging markets. We examine the distribution of the stock returns for the acquiring firm and the corresponding market portfolio in each deal. The kurtosis test and the combined skewness and kurtosis test demonstrate that the majority of deals have non-normal distributions at a conventional significance level. Occurrence of the non-normal distributions violates assumptions of the standard OLS model. We use two robust regressions and a nonparametric statistic test to examine the efficacy of the standard OLS market model. We investigate how abnormal returns of stocks respond to mergers and acquisitions events in Asian emerging markets. All the statistic tests indicate that positive CARs exist in two-day, three-day, and five-day event windows, and the returns are statistically significant at the conventional level. All the tests also indicate that the daily mean abnormal returns are positive and statistically significant at the conventional level for day -1 and day 0. When comparing the results of the different tests, we find that the mean differences are statistically significant. The standard OLS market model produces smaller AARs than those of the two robust tests on each day in the event window. In addition, Huber M-estimator produces AARs that are significantly smaller than those of the bootstrapping quantile regression on day -1, day 0, and day 1, as well as in the 3-day window and the 5-day window.
The significant mean differences generated by the three different regressions imply that severe outliers and non-normal distributions of stock price returns exist for acquiring firms in Asian emerging markets. In analysing abnormal returns for mergers and acquisitions deals in the emerging markets, tests using the standard OLS market model do not provide stable and reliable expected normal returns nor abnormal returns. The OLS regression underestimates the abnormal returns because of the violation of assumptions of the OLS. We need an additional relatively stable measure of the expected normal return in this case. The weighted approaches allow the retention of information contained in outliers by assigning proper weights that result in more accurate inferences compared to the standard OLS estimates. We compare the results of the robust regressions with the results of the standard OLS regression. The changes of inference from the regression tests are statistically significant.
Researchers should examine features of their data and requirements of the data analysis technique to be used prior to performing those analyses. We recommend a robust regression, either Huber regression M-estimator or bootstrapping quantile regression, in dealing with outliers. It appears that the heteroscedasticity has little influence in calculation of abnormal returns for most emerging Asian markets. We could use a nonparametric test as an alternative, given that it does not require stringent assumptions regarding the distribution of returns as do those in parametric tests.
Portfolio managers and researchers should be cautious in pooling countries to increase sample size because it is likely the pooling will combine countries with different distributions. When we interpret the results and findings from the existing studies, we need to consider whether they address the assumptions of the models used and whether the models are appropriate to the data and problems. Failure to do so may lead to untrustworthy conclusions.
